JIE ZHANG and ARADHNA KRISHNA* When retailers make product assortment changes by eliminating certain stockkeeping units (SKUs), how does this affect sales of individual brands? This is the main question the authors address in this article. Using data from an online retailer that implemented a permanent systemwide SKU reduction (SR) program, the authors investigate how the program affected various components of purchase behavior for individual brands. They find substantial variations in the SR effects across brands, categories, and consumers. They explore possible drivers for these differences and find that higher-market-share, higher-priced, and more frequently promoted brands tend to gain share and that reduction in the number of sizes, reduction in the number of SKUs, and change in SKU share in the category are important in affecting change in a brand's purchase share after the SR. They also find that SRs lead to an increase in category purchase incidence and quantity for highly statedependent consumers and frequent buyers but a decrease in category purchase and quantity for mildly state-dependent consumers and infrequent buyers. In addition, SRs tend to cause more changes in brand choice probabilities among consumers of lower state dependence and higher price and promotion sensitivity. These findings are of importance both to retailers wanting to make product assortment changes and to manufacturers affected by them.
Brand-Level Effects of Stockkeeping Unit Reductions
many retailers to experiment with SKU reduction (hereinafter, SR) programs. Another reason for reducing the number of SKUs is the recognition by manufacturers and retailers that carrying too many items could cause clutter in the store and increase consumers' confusion (Broniarczyk, Hoyer, and McAlister 1998) . As a result, some retailers and manufacturers (e.g., Pier 1 Imports, Sunbeam) have adopted efficient assortment policies by eliminating low-selling items (Business Wire 1998; Home Textile Today 2005) . Marketing academics also have cast doubt on the value of SKU proliferation. Some studies have shown that retailers can eliminate a substantial number of SKUs without negatively affecting consumers' assortment perceptions, store visits, or category sales (Arnold, Oum, and Tigert 1983; Broniarczyk, Hoyer, and McAlister 1998; Nunes 2001, 2004; Iyenger and Lepper 2000) , and other studies have shown that SR can decrease store-level shopping frequency and purchase quantity (Borle et al. 2005 ). An important unanswered question is how elimination of certain SKUs in the product assortment affects sales of individual brands. This is the main question we address in this research. Using data from an online retailer that implemented a permanent systemwide SR program, we examine how consumers realloIn the past two decades, supermarkets have experienced a stockkeeping unit (SKU) explosion (Drèze, Hoch, and Purk 1994; Kurt Salmon Associates 1993) ; manufacturers view SKU proliferation as a way to increase their presence and market share, and retailers fear that eliminating items could lower consumer assortment perceptions and decrease store visits. More recently, however, the higher costs of maintaining a large number of SKUs and pressure from lower-cost competitors, such as Wal-Mart and Costco, have driven cate their purchases among the remaining brands after certain SKUs are eliminated in the category and store. To lead up to this analysis, we conduct an in-depth examination of the effects of SR on category purchase incidence, brand choice, and purchase quantity.
Prior research on SR has focused on its impact on the category or store but not on individual brands. Although a category-or store-level analysis is useful for retailers, a brand-level analysis provides unique insights valuable not only for retailers but also for manufacturers. For a manufacturer, the most relevant issue related to SR is what happens to its brands after an SR program is implemented by a retailer. A related question is what the manufacturer can do to emphasize its brands' strengths and minimize negative consequences from the SR. For retailers, the brand-level analysis provides information about what may happen to their store brands as a result of SR. It also reveals how market share may shift between different brands (which could yield different profits for retailers). This perspective is not possible with a store-or category-level analysis.
Our analyses control for changes in the marketing mix before and after SR and consumers' responses to these changes. As we show, such an analysis prevents drawing spurious conclusions. We explore plausible drivers of differences in SR effects among brands and consumers. Specifically, we examine two groups of brand-specific factors: brand characteristics (e.g., market share, price level, promotion frequency, store versus national brand) and the nature of the SR for a brand (e.g., number of SKUs eliminated, number of sizes eliminated, share of brand sales eliminated). We further examine the moderating effects of consumer characteristics (e.g., the degree of state dependence, purchase frequency, the nature of the SR for a consumer) on the impact of SR. The effects of each of these factors are important to understand for both manufacturers and retailers. This research helps answer the following questions:
•Are certain types of brands more likely to gain market share after an SR? For example, do larger-share brands become even larger, or are they more likely to lose share to smaller-share brands? Are high-priced brands likely to gain or lose share? Do brands with frequent promotions obtain a greater share of purchases in the post-SR market share reallocation period?
•How does the nature of SR for a brand (e.g., reduction in number of sizes, reduction in number of SKUs) change the brand's purchase share?
•How does SR affect the purchase share and quantity of private label brands?
•Is it valid to view change in market share as a proxy for the effect of SR on a brand's choice probability, or are changes in marketing-mix variables likely to be confounded with SR changes, thus resulting in spurious conclusions?
•Are there any systematic differences in the reaction to SR across consumers?
The online store environment we use for the analyses provides a unique opportunity to study the impact of assortment changes without confounding it with the effects of product display, shelf space allocation, or location on the shelf (see Boatwright and Nunes 2001) . We organize the rest of the article as follows: In the next section, we discuss prior research findings on SR. Then, we describe our model. Following that, we present the data analysis results and conclude with managerial implications and suggestions for further research.
LITERATURE REVIEW
Prior research on product assortment changes has mainly considered their impact on consumers' assortment perceptions, category-level purchase probability and sales, store choice, and store-level shopping frequency and sales. We describe five major studies on these topics here. Broniarczyk, Hoyer, and McAlister (1998) focus on how changes in product assortment affect consumers' perceptions of the assortment size, which in turn is shown to influence store choice. In their field study, two treatment stores had 54% of low-selling SKUs eliminated in the top five categories (candy, beer, soft drinks, salty snacks, and cigarettes). These stores experienced sales increases (2% and 8%) in the five categories compared with the control stores. In addition, shoppers reported finding it easier to shop in the test stores than in the control stores. The SKU count, availability of favorites, and category space affected store choice through assortment perception, and availability of favorites also had a direct link to store choice. Iyenger and Lepper (2000) compare consumer reaction to small (6 SKUs) versus large (30 SKUs) assortments for jams and chocolates. They find that shoppers were initially attracted to retail shelves that offered large assortments. However, when the shoppers were at the shelves, they were more likely to make a purchase from a small than a large assortment.
In a series of field experiments, Drèze, Hoch, and Purk (1994) measure the effectiveness of two shelf management techniques: "space-to-movement," in which shelf sets were customized on the basis of store-specific movement patterns, and "product reorganization," in which product placement was manipulated to facilitate cross-category merchandising or ease of shopping. They also examine the impact of shelf positioning and facing allocations on sales of individual items. In their experiments, they find that category sales increased by approximately 4% when there was an increase in shelf facings of the high-selling items as a result of the deletion of low-selling SKUs. In contrast to Drèze, Hoch, and Purk's study, we focus on the effects of eliminating certain SKUs for each brand and control for the influence of shelf positioning and facing allocation. Nunes (2001, 2004) examine purchase data collected from an SR field experiment for a large number of categories and conclude that there were no significant changes in the overall category sales due to the SR. Borle and colleagues (2005) examine the effects of SR on store and category purchase frequency and dollar sales but find negative results; both shopping frequency and purchase spending on each shopping trip declined as a result of SR. At the store level, they find that SR led to an average increase of 23% in expected interpurchase time and an average decrease of 4% in expected purchase spending per shopping trip. At the category level, for a majority of categories, reduction in favorite items caused no change in category purchase incidence probability or in the category's share of basket. The assortment reduction had a greater effect on store visit frequency than on purchase spending per visit. When Borle and colleagues compare the results of their study with those of Boatwright and Nunes, they find that the differences were mainly caused by the different set of categories examined in each study.
The divergent findings in these studies suggest that more research is needed on the impact of SR. Moreover, none of 1 We thank an anonymous reviewer for pointing out this issue.
these studies focused on brand-level effects of SR. It is also worth noting another distinction between our study and that of Borle and colleagues (2005) . Whereas they measure purchase quantities in dollar amounts, which could confound changes in purchase volume (in units) with changes in price, we model changes in purchase volume (in units) directly and then examine the impact of SR on sales revenue in terms of volume and price. This provides a clearer picture of the impact of SR on each element of the purchase decision.
MODEL FORMULATION
We investigate the impact of SR on three components of purchase behavior for individual households: category purchase incidence, brand choice, and purchase quantity. Previous research has shown that it is important to account for the interdependence in these decisions (e.g., Chiang 1991). We model these three purchase components jointly using an approach similar to that of Hanemann (1984) , Chiang (1991) , Bell, Chiang, and Padmanabhan (1999) , and Zhang and Krishnamurthi (2004) .
To assess the impact of SR, it is necessary to control for the effects of other marketing-mix variables because they may change over the period used for examining the impact of the SR. In addition, the model should accommodate possible changes in consumers' responses to the other marketing-mix variables in the post-SR period. Our model controls for the effects of these variables, in particular the two most important ones, price and promotion. A closer examination of the data reveals that price and promotion experienced nontrivial changes during the period under investigation, and there was an increase in the overall category price and promotion levels in general. Further investigation indicates that these changes were exogenous to the SR program but coincided with its timing (for details, see the "Data Analysis" section). We assume that changes in consumers' responses to price and promotion, if any, were due to changes in price and promotion but not to the SR program. Our data do not allow us to separate out the possible effects of the SR program on price and promotion coefficients, because the two types of changes occurred at the same time. Nonetheless, our empirical analysis indicates that there were only minor differences in the price and promotion coefficients in the two periods, and thus, even if the SR program may contribute to the changes in the coefficients, these effects are negligible in magnitude and thus unlikely to alter the findings of the study. 1 We also control for the seasonality effect by matching the months of the year of the data with and without the SR. We provide the details in the next section.
Because we are particularly interested in brand-level effects of SR, such as what type of brands consumers tend to switch to after others are eliminated, we estimate the model using only brands that remained in the store after the SR. In such a model, the change in the conditional brand choice probability gives a direct indication of whether the brand has gained or lost market share as a result of the SR, which is not confounded by the potential share increase for each remaining brand merely due to the elimination of other brands.
We define SR t = 0 if the time is before the SR, and SR t = 1 if it is after the SR. The utility of brand k at time t for household i is given by where α ki , k = 1, …, K -1, are brand-specific constants; X kt is a vector of marketing-mix variables, including regular price and price cut; LB ikt = 1 if brand k was chosen by household i on the previous purchase occasion;
are coefficients of marketing-mix variables in the brand utility functions (they are allowed to be different in the pre-and post-SR periods to capture the notion that price and promotion changes may cause shifts in consumers' price and promotion sensitivities); γ i measures a household's state dependence and is usually interpreted as an indicator of inertia (γ i > 0) or variety seeking (γ i < 0) (e.g., Gupta, Chintagunta, and Wittink 1997; Seetharaman, Ainslie, and Chintagunta 1999) ; , k = 1, …, K -1, capture the effect of the SR on each brand's utility for household i; and α Ki and are fixed to be 0 for identification purposes. We model purchase incidence by assuming that household i makes a category purchase at t if and only if at least one brand's utility in the category exceeds a threshold. We specify the category threshold as where α 0i is the constant; Y it is a vector of covariates, including a household's average purchase frequency in the initialization period (FREQ i ) and its mean-centered previous purchase quantity (LQ it ); and are coefficients of the covariates. The previous purchase quantity variable refers to the quantity at the previous category purchase occasion and, in spirit, captures the effect of inventory (Chintagunta and Haldar 1998; Jain and Vilcassim 1991) . Note that it would not be appropriate to include an inventory variable in our model, because its computation requires the use of interpurchase duration, which is endogenous to the purchase incidence decision (see Chintagunta and Haldar 1998) . In addition, an inventory variable might not have captured the entire inventory, because we have only household purchase data from the online store. The variable t indicates week, and the parameter captures the possible trend of category purchase frequency over time at the store. 2 Finally, measures the effect of the SR on the threshold. Note that a positive or indicates a negative effect on the purchase incidence probability, and vice versa.
To model purchase quantities, let be a latent variable of household i's purchase quantity of brand k in week t, and let Q ikt be household i's actual purchase quantity of brand k in week t; in addition, we define I it = 1 if household i makes a category purchase in week t and 0 if otherwise, and we define B ikt = 1 if household i purchases brand k in week t , 3 It is possible to make brand specific. In our empirical analyses, the model with brand-specific does not provide significant improvement over the one with a common parameter for all brands, for all categories we analyzed. Therefore, we present the current version in the model formulation.
4 Details of the model, the likelihood function, and its derivation appear in the Web Appendix at http://www.marketingpower.com/content84060. php. where is a constant for brand k and Z ikt is a vector of covariates, including marketing-mix variables of brand k at time t (regular price and price cut) and household i's average purchase quantity in the initialization period (AQ i ) as a control variable. We allow , the coefficient vector for Z ikt , to be different for the pre-and post-SR period. The parameter captures possible trend of purchase quantity over time. The effect of the SR on purchase quantity is measured by . 3 To accommodate the interdependence of the three purchase components, we extended a formulation that Zhang and Krishnamurthi (2004) developed. Our model allows for a more flexible distribution of the error terms than what was assumed in their model, which leads to a nested logit formulation of the purchase incidence and choice components. By assuming a flexible bivariate distribution of the error term in the quantity equation (ξ ikt ) and a transformation of the error terms in the brand utility and category threshold equations (ε ikt , k = 0, 1, …, K), we were able to derive a closed-form expression of the joint probability of purchase incidence, choice, and quantity and thus use standard maximum likelihood estimation procedure to estimate the model. 4 In our model, the category purchase incidence probability is and the joint probability of purchase incidence and brand choice is
where φ ∈ (0, 1) is a parameter measuring the similarity among the brands. If Equation 4 is reparameterized into the new parameter will directly reflect the effect of SR on the purchase incidence probability Pr{I it = 1}, where > 0 indicates a decrease in Pr{I it = 1} and < 0 indicates an increase in Pr{I it = 1}. It can be shown that
We estimate for its ease of interpretation. Note that Equation 5 is modified accordingly.
Thus far, the model has been constructed at the individual household level. We employ a latent-class formulation to capture unobserved consumer heterogeneity (see Kamakura and Russell 1989) , in which parameters are segment specific, denoted by subscript g = 1, …, G. The discrete latent-class specification has been shown to be empirically equivalent to continuous approaches for representing heterogeneity, such as the hierarchical Bayesian formulations (Andrews, Ainslie, and Currim 2002) . The loglikelihood function is given by where q g is the probability of belonging to segment g, T i is the number of observations for household i, and other terms are as shown previously. The number of latent segments G is determined empirically by comparing the Bayesian information criterion (BIC) of models with different G, and the one that yields the lowest BIC is selected. To summarize, the parameters that we are particularly interested in are , the effect of the SR on category purchase incidence;
, the effect of the SR on brand k's utility, k = 1, …, K; and , the effect of the SR on purchase quantity.
DATA ANALYSIS Data Description
Our data are provided by an online grocery retailer that operates in several metropolitan markets in the United States. The retailer implemented a systemwide SR program on virtually all product categories in January 1999. Our data set includes detailed household purchase information on three product categories (liquid laundry detergent, margarine, and spaghetti sauce) collected from a midwestern market during the January 1, 1997-August 15, 1999, period. As part of the SR program, most brands had some of their SKUs eliminated, and a few brands were eliminated altogether. Panels A and B in Table 1 provide a description of the category-level assortment changes and the brands eliminated by the SR program. The two panels in Table 1 show that the number of brands dropped from 14 to 11 for liquid detergent, from 12 to 10 for margarine, and from 17 to 11 for spaghetti sauce. At the category level, the number of SKUs decreased by 32% for liquid detergent, 18% for margarine, and 30% for spaghetti sauce, and the cumulative market shares for the eliminated SKUs were much smaller (9%, 3%, and 6%, respectively). The number of sizes dropped from 7 to 6 for liquid laundry detergent, remained at 5 for margarine, and dropped from 17 to 12 for spaghetti sauce. The brands that were completely eliminated had few SKUs and accounted for a small market share. Most of the SRs occurred in the brands that remained after the reduction.
As we explained previously, we focus on the brands remaining after the SR to investigate how consumers' purchase decisions in the store may have changed because of the assortment reduction, including how they may have reallocated purchases among the remaining brands. We also needed to delete a few small brands with too few purchases for reliable model estimation. Thus, the final data set for analysis includes 9 of the remaining 11 brands for liquid detergent (which accounted for 99% of total purchases for the 11 brands), 9 of the remaining 10 brands for margarine (99% of total purchases for the 10 brands), and 9 of the remaining 11 brands for spaghetti sauce (98% of total purchases for the 11 brands). For ease of exposition, hereinafter, we refer to the 9 brands under investigation for each product as the "category."
For each product category, we use January 1-August 15, 1997 (33 weeks), as the initialization period for the household average purchase frequency and quantity variables. The estimation data cover January 1-August 15, 1998 (33 weeks), as the period before the SR, and January 1-August 15, 1999 (33 weeks), as the period after the SR. The two periods are matched in terms of months to minimize the impact of seasonality effects. For concerns of seasonality, we do not use data from August 16 to December 31, 1998, because we do not have data beyond August 15, 1999, in the post-SR period. For each category, we choose households that made at least two purchases of any brand in the initialization period (for computing the household average purchase frequency and quantity) and at least one purchase of the brands retained for the study (nine in each category) in the pre-SR period. This results in 191 households and 12,606 observations for liquid detergent, 244 households and 16,104 observations for margarine, and 234 households and 15,444 observations for spaghetti sauce in the estimation data. Although these households did not need to make a purchase in the post-SR period to be selected, all made at least one category purchase after the SR. This is consistent with Borle and colleagues' (2005) finding that there was little attrition from the store after an assortment reduction experiment.
Our data show that for most brands, both regular prices and price discounts were higher in the post-SR period. As a result, the average shelf price was 6% higher for liquid detergent, 17% higher for margarine, and 8% higher for spaghetti sauce in the post-SR period. However, note that a few brands experienced a decrease in shelf price (e.g., the private label brands for the liquid detergent and spaghetti sauce categories). 5 These variations highlight the importance of adopting a model-based approach to adjust for changes in the key marketing-mix variables and responses to them. For example, if we were to compare the market share of Tide detergent in the two periods, it would not be clear whether the drop in market share was due to the SR or to a rise in its price level. Similarly, the market share increase for the private label liquid detergent can be explained both by the SR and by the post-SR shelf price decrease.
Using this data set, we first estimate the model described in the previous section and then conduct a series of followup analyses based on the model estimation results to investigate various aspects of the SR effects. We present three sets of results: (1) model estimation results; (2) SR effects at the brand level, after we control for changes in other marketing-mix variables and responses to them; and (3) an analysis that attempts to identify drivers of the differences in the SR effects among consumers and brands.
Results

Model estimation results.
A three-segment model appears to fit the data best for all three categories based on BIC. The BIC for models with one, two, three, and four segments is 11,690.8, 11,193.8, 11,026.5, and 11,187.0, respectively, for liquid detergent; 22,318.6, 19,780.9, 18,627.5, and 18,645.2, respectively, for margarine; and 10,442.4, 9,991.9, 9,984.7, and 10,134 .3, respectively, for spaghetti sauce. Parameter estimates for the three categories appear in Tables 2-4. The ρ 2 and adjusted-ρ 2 terms indicate that our model performs well for all three categories. Nonetheless, the model could have been further improved if we had data on other variables that affected purchase behavior. We summarize the effects of the marketing-mix variables and household-specific control variables first, and then we report results for parameters that capture the effects of the SR.
In all three product categories, the effects of the marketing-mix variables and the household-specific control variables have the expected direction for all the significant parameter estimates. Specifically, regular price negatively affects a brand's choice probability and the category purchase incidence probability, whereas the effects of price discount are the opposite. A higher household purchase frequency in the initialization period is associated with a lower category incidence threshold and, thus, a higher purchase incidence probability; the quantity bought on the previous purchase occasion increases the category purchase incidence threshold and therefore reduces the purchase incidence probability. In addition, purchase quantity decreases with a brand's regular price and increases with its price discount, and a household's average purchase quantity in the initialization period is positively associated with the quantity purchased on a given occasion.
The parameter estimates also reveal strong consumer heterogeneity. The three segments for each category exhibit different brand preferences, marketing-mix effects, and degree of state dependence. We also find a significant decreasing trend in the category incidence probability over time for most segments in all three categories (the parameter estimate for log[t] is positive and significant or marginally significant for seven of the nine category segments). It is critical to control for these overall trends in consumers' purchase behaviors in the online store to obtain an accurate assessment of the impact of SR. That is precisely what we do when we examine segment-level SR effects subsequently.
We now examine parameters that capture the impact of SR on purchase incidence, brand utility, and purchase quantity, denoted by δ I* , , and δ Q , respectively. As we explained previously, the signs of δ I* and δ Q indicate the direction of the effect on purchase incidence and quantity per purchase occasion, respectively. The parameter reflects how a brand's utility is affected by the SR, but it does not directly indicate how the brand's conditional choice probability is affected, because the choice probability also depends on the magnitude of changes in other brands' utilities. We focus on δ I* and δ Q first and on subsequently. In each product category, these effects seem to be associated with the level of state dependence of the segments.
We expect that the higher the level of state dependence, the more positive the effects of SR would be, that is, if the consumer's favorite SKU has not been eliminated. By definition, highly state-dependent (i.e., inertia-prone) consumers are more likely to purchase brands that they like repeatedly and thus should favor a shopping environment with narrower choice and less clutter. With a less cluttered online store environment, we expect that they will make more product category purchases and also purchase larger quantities. (An increase in both category purchase frequency and quantity is possible because of store switching and consumption expansion.) Our results are consistent with this expectation in all three product categories. SR effects at the brand level. In this section, we assess the magnitude of the SR impact on purchase incidence probability, conditional brand choice probabilities, quantity per purchase occasion, total purchase quantity, and total sales revenue. The basis for this analysis is the posterior values of these measures for each household, which we obtained by using the model estimation results and purchase history data of each household. The posterior value of a particular measure for a household is the weighted average of the segment-specific values, weighted by a household's posterior segment membership probabilities.
To control for changes in the marketing-mix variables and responses to them, we conduct a "would-be" analysis using data in the pre-SR period. Specifically, we estimate two sets of posterior values for the outcome measures using the same data: one set with all pre-SR period parameters in the model (no SR effect parameters) and the other set with the same pre-SR period parameters plus the SR effects parameters. Note that the pre-SR period values of the independent variables are used in the computation of both sets. The first set represents the expected values of the outcome measures in the actual pre-SR period. The second set represents the expected values of the outcome measures had there been the SR, all else being equal to the pre-SR period data. Therefore, the differences between the two sets give the effects of the SR on the outcome measures. This approach is based on the assumption that the price and promotion changes in the data were due to exogenous reasons other than the SR program. Our information about the online retailer's operations and a check of external marketplace price and promotion data indicate that the changes were indeed exogenous. Alternatively, we could compute 
, where L(0) = log-likelihood when all parameters are zero. Table 2 PARAMETER ESTIMATES FOR LIQUID DETERGENT the SR effects using the post-SR period values of the independent variables and the post-SR period price and promotion coefficients, which is also consistent with the observation that changes in prices and promotions were exogenous. We compared the two methods and found the results to be similar. Note that our approach can be easily modified for the situation in which price and promotion changes are endogenous to an SR program, in which case the pre-SR period price and promotion data and coefficients should be used in the first set and the post-SR period price and promotion data and coefficients should be used in the second set of outcome measures. We begin by summarizing the overall impact of SR at the category level in terms of purchase incidence probability, 
, where L(0) = log-likelihood when all parameters are zero. Table 3 PARAMETER ESTIMATES FOR MARGARINE average quantity per purchase occasion, total purchase quantity, and revenue. The three categories exhibit vast differences. The spaghetti sauce category enjoyed the greatest increase in total purchase quantity and revenue (12.4% and 15.4%, respectively) due to the SR. The liquid detergent category also experienced an increase in purchase quantity and revenue (7.1% and 10.2%, respectively). In contrast, the overall reaction to the SR in the margarine category was negative, with a sharp decline in both total purchase quan-6 Note that our category-level findings may be due to the SR program being storewide. These results are likely to be modified if an SR is implemented in a single category. We thank an anonymous reviewer for this insight.
tity and revenue (dropped by 17.8% and 15.7%, respectively). 6 It appears that the average purchase incidence probability across households decreased substantially for margarine (21.2%) and a little for detergent (1.4%) but 
, where L(0) = log-likelihood when all parameters are zero. Table 4 PARAMETER ESTIMATES FOR SPAGHETTI SAUCE increased slightly for spaghetti sauce (.9%), whereas the average quantity per purchase occasion increased moderately for all three categories (3.5%-5.9%). Regardless of whether category-level effects were positive or negative, effects of SR at the brand level were mixed in every category. We examine this next. Two key measures at the brand level appear in Table 5 : the average conditional brand choice probability given a category purchase incidence and the average household purchase quantity in the 33 weeks of the pre-SR period. The pattern of results for sales revenue is similar to the one for quantity, and therefore we do not discuss it separately. Because our study focuses on the impact of SR on individual brands, we average both measures (choice and purchase quantity) across households. Note that these two measures do not always move in the same direction, because total purchase quantity is affected not only by changes in the choice probability and purchase quantity on each occasion, Table 5 BRAND-LEVEL EFFECTS OF SR which are brand specific, but also by changes in the purchase incidence probability, which are category specific and, therefore, the same for all brands in the category. Table 5 shows a high degree of variation among brands on the two measures. It appears that SR not only changed the category purchase incidence but also altered consumers' choice among the remaining brands, so that some brands gained market share and others lost market share. As a result, in every category, some brands gained in total sales quantity, and others suffered substantial sales loss due to the SR, regardless of the direction of the category-level effect. For example, although the total category purchase quantity for spaghetti sauce increased by 12.4% with the SR, the Hunt's brand and private label both suffered a severe loss in sales (by 70% and 53%, respectively). Conversely, despite a loss in total category sales quantity of 17.8% for margarine, there was no significant change in sales for the I Can't Believe It's Not Butter brand and even a slight increase in sales for the Promise brand. Note that in all three categories, SR seems to have caused a substantial drop in choice probability and total purchase quantity for the private label brand, which should be alarming to the retailer. We discuss the possible reasons for this subsequently.
The results for choice probabilities demonstrate the importance of a would-be analysis that controls for the effects of marketing-mix variables. We find that merely comparing a brand's market share before and after the SR does not provide an accurate assessment of the effects of the SR on brand choice, because it does not account for other changes in the marketing-mix variables. For example, in the liquid detergent category, a simple comparison of market share before and after the SR (see Additional Table 1 in the Web Appendix at http://www.marketingpower.com/content 84060.php) would lead to the conclusion that the SR caused Tide to lose market share by 3.2% and caused the private label brand to gain market share by 2.2%, whereas our analysis in Table 5 indicates the exact opposite; the purchase share increased by 4.6 percentage points for Tide and decreased by .6 percentage points for the private label, both of which are statistically significant.
Drivers of the differences in SR effects among consumers and brands. To obtain a comprehensive picture of how the SR affected purchase behavior across consumers and brands differently, we conduct regression analyses based on data pooled across categories on each of the three purchase decision components: category purchase incidence, conditional brand choice probability, and quantity given a purchase occasion. We analyze the first and third components at the household level because the effects do not vary across brands (with 669 observations in each analysis), and we analyze the second component at the household × brand level (6021 observations resulted from having nine brands in each category and 669 households in the data of three categories combined).
We first describe the regression analyses on the SR effects on households' average purchase incidence probability and purchase quantity, given a category purchase occasion. Both dependent variables are standardized within each category because the categories differ in the magnitude of purchase incidence probabilities and purchase quantities. We use the following five household-specific factors as explanatory variables:
1. Level of state dependence, 2. Purchase frequency, 3. Whether a household's favorite brand was eliminated by the SR, 4. Whether a household's favorite SKU was eliminated by the SR, and 5. Eliminated SKUs' share of purchase quantity for a household.
We standardize the level of state dependence and purchase frequency within each category to control for the magnitude differences across categories. A favorite brand/ SKU is defined as the most frequently purchased brand/ SKU by a household in the pre-SR period. We did not include a variable for whether a household's favorite size was eliminated, because no household in our data experienced it. The results appear in Table 6 (Models 1 and 2). As the table shows, state dependence and purchase frequency have positive, significant effects on the change in purchase incidence probability, and the former also has a positive, significant effect on the change in quantity given a purchase occasion, which indicates that the higher a household's state dependence and purchase frequency, the more positive its reaction was to the SR. A closer examination of the data reveals that even for the margarine category, which experienced substantial sales reduction due to the SR, the highly state-dependent and frequent buyers of this category still increased their purchase incidence probability and/or average quantity for purchase occasion. This is particularly encouraging news for retailers because consumers of high state dependence and purchase frequency are arguably their most valuable customers. We did not find significant effects of the other three factors, possibly because of low variations in these variables across households and strong collinearity among them in the data.
We now describe the regression analysis for the SR effects on the conditional brand choice probabilities. The dependent variable is the difference in a conditional choice probability (with and without SR) obtained from the wouldbe analysis. We examine two groups of brand-specific factors: brand characteristics and brand-level SR variables.
The brand characteristics are as follows:
•Market share: This refers to the market share before the SR.
•Price level: Because prices are not directly comparable across categories, we use the standardized average shelf price for a brand within each category. 8 Our empirical analysis shows that the logarithm of promotion frequency provides better fit to the data than the linear form of promotion frequency.
•Promotion frequency: This is defined as the percentage of weeks in which a brand was on price promotion.
Because the retailer or manufacturers could potentially change the prices and promotions as a response to the SR, which could create an endogeneity problem, we use price level and promotion frequency before the SR as explanatory variables.
The brand-level SR variables are as follows:
•Number of SKUs eliminated for the brand (DSKU): We include the quadratic terms of DSKU to capture possible nonlinear effect of this variable. Boatwright and Nunes (2001) find that the number of SKUs eliminated for a category has a nonlinear effect on the category sales; a moderate cut increases sales, and a deep cut decreases sales. We investigate whether such an effect also exists at the brand level.
•Number of sizes eliminated (DSIZE): We include both a main effect of DSIZE and its interaction with a brand's share of purchase for a household. As in many previous studies (e.g., Bucklin, Gupta, and Siddarth 1998; Tellis and Zufryden 1995) , we use the share-of-purchase variable as a measure for a household's loyalty to a given brand. The interaction term is intended to capture the possible moderating effect of a household's loyalty to a brand on the impact of size reduction for the brand.
•Change in the share of SKUs (ΔSKUSH): We define a brand's share of SKUs (SKUSHR) as its number of SKUs divided by the total number of SKUs in the category, and ΔSKUSHR = SKUSHR after -SKUSHR before .
•Eliminated SKUs' share of brand sales: This is the proportion of a brand's sales in the pre-SR period contributed by the eliminated SKUs.
Parameter estimates from the regression appear in Table  6 (Model 3). 7 For the SR effects on brand choice, we identified six significant drivers: (1) market share, (2) price level, (3) logarithm of the promotion frequency, 8 (4) number of sizes eliminated and its interaction with a brand's share of purchase for a household, (5) the quadratic terms of number of SKUs eliminated, and (6) change in the share of SKUs. Notably, we did not find a significant effect of the eliminated SKUs' share of brand sales.
The effects of market share, price level, logarithm of the promotion frequency, and change in the share of SKUs are positive. It appears that after the SR, all else being equal, market shares tend to shift toward larger brands, higherpriced brands, and brands with more frequent promotions. These effects imply that when consumers are faced with a reduced product assortment and reallocate their purchases among the remaining brands and product options, they are likely to switch to familiar brands or premium brands; higher-priced brands tend to be premium brands, larger share brands have higher market exposure, and more frequent promotions also help bring consumers' attention to a brand. A possible reason behind the switch is that the SR program may have reinforced consumers' need for ease of shopping, and familiar or premium brands tend to come to 9 We thank an anonymous reviewer for suggesting this analysis.
their minds more easily. The effects of market share, price level, and promotion frequency may also explain why the private label brand suffered sales loss in each category; specifically, private labels tend to have small market share, low price levels, and less frequent promotions (as is the case in our data).
Furthermore, we find that the nature of the assortment change also affects how consumers reallocate their purchases. Brands with a larger reduction in the number of sizes tend to lose share. Notably, this effect appears to increase with a household's share of purchase of a brand. In other words, the more loyal a household is to a brand, the more severe the negative effect is for the household when the brand had a size reduction. Another notable finding is that the nonlinear effect of the number of SKUs eliminated, as first documented by Boatwright and Nunes (2001) for category-level sales, exists at the brand level. All else being equal, a brand's choice probability first increases with the number of SKUs eliminated and then decreases after a certain point. This implies that a brand could benefit from the elimination of certain SKUs to reduce clutter and thus ease consumers' purchase decisions, but a deep reduction in its number of SKUs would decrease its appeal to consumers. Finally, we find that an increase in a brand's share of SKUs in the category tends to increase its share of purchases; all else being equal, if share of SKUs increases by 1 percentage point, on average, the market share would increase by .11 percentage points.
To examine how households differed in the SR effects on their brand choice probabilities, we first computed the sum of squares of changes in the conditional brand choice probabilities for each household and then ran a regression analysis of this variable on household characteristics. 9 This sum-of-squares measure captures a household's total amount of changes in brand choice probabilities due to SR. In addition to the five household characteristics listed previously, we also included standardized household-specific posterior regular price and price cut coefficients for the pre-SR period as explanatory variables in the regression model. (We tested the regular price and price cut coefficients in both the choice and the quantity parts and found the choice coefficients to be nonsignificant. Therefore, we kept only the quantity price and promotion sensitivity in the final model.) The results appear in Table 6 (Model 4). Model 4 indicates that the SR program caused more changes in brand choice probabilities among consumers of lower state dependence and higher price and promotion sensitivity. When we combine findings from Models 1, 2, and 4, it appears that the SR program affected consumers of high state dependence and purchase frequency mainly through its effects on purchase incidence and quantity decisions, whereas its impact on brand choice behavior is most profound for consumers of low state dependence and high price and promotion sensitivity.
The significant drivers identified in Models 1-3 all contribute to the differences across brands and households in the SR effects on a household's total brand purchase quantity because this purchase quantity results from the three individual purchase components. This is confirmed by our regression analysis for the SR effects on total brand purchase quantity during the 33 weeks in the pre-SR period.
DISCUSSION
As we stated previously, prior research on product assortment reductions has mainly focused on their impact at the store and category levels, which is important for retailers. By focusing on brand-level effects, our study provides additional insights for both manufactures and retailers. The most relevant issue for a manufacturer regarding SR is the impact on its brands. The manufacturer wants to know what it can do to emphasize its brands' strengths and minimize negative repercussions. Retailers benefit from a brand-level analysis by obtaining a better understanding of how market share may shift between brands with different profitability and what may happen to their private label brands; this type of insights is not possible with a store-or category-level approach.
To summarize the key findings of our analyses, we found a large variation in the impact of SR across consumers and individual brands and categories. Consumers with higher state dependence and more frequent purchases welcomed the change by increasing category purchase frequency and purchase quantity, whereas consumers with lower state dependence and less frequent purchases reduced their purchases as a result of SR. In addition, the SR program caused more changes in brand choice probabilities among consumers of lower state dependence and higher price and promotion sensitivity.
At the brand level, consumers appeared to reallocate their purchases among brands substantially after the SR. Both brand characteristics and the nature of the SR influenced how they chose among these brands. As a result of the effects at the category and brand levels, total sales quantity and revenue for some brands were not affected much by the SR, whereas other brands experienced drastic reductions (or increases) in brand choice and purchase quantity. We identified six significant drivers for the differential effects on brand choice probabilities: market share, price level, promotion frequency, number of sizes eliminated, number of SKUs eliminated, and change in the share of SKUs in the category. Brands with higher market shares, higher price levels, and more frequent promotions tended to gain share. A moderate reduction in the number of SKUs increased a brand's choice probability, whereas a deep cut hurt its chances of being chosen. In addition, an increase in a brand's share of SKUs was likely to translate into higher purchase share. Finally, brands that experienced a smaller cut in the number of sizes gained share from those that had greater size reduction; this effect was accentuated by a household's share of purchase of the brand. The significant effect of the number of sizes is consistent with the findings of Guadagni and Little (1983) , who show that consumers exhibit high loyalty to size. In summary, our findings demonstrate that how a brand is affected by SR is not only driven by the assortment change but also influenced by the characteristics of the brand and its consumers.
Although our study did not set out to investigate how and why categories differ in their SR effect on sales (for indepth analyses of this topic, see Boatwright and Nunes 2001; Borle et al. 2005) , we observe that the effects varied substantially across the three categories examined here. Spaghetti sauce experienced the largest increase in total sales volume (12.8%) and revenue (14.8%), and liquid detergent also had an increase in its total sales volume (7.1%) and revenue (10.2%). In contrast, margarine suffered a substantial decrease in both measures (-17.8% and -15.7%, respectively) . The pattern seems related to the total number of SKUs in each category. It appears that reducing assortment in a category with a large number of SKUs helps cut down its clutter and thus has a beneficial effect, whereas eliminating SKUs in a category with an already low number of SKUs can elicit strong negative assortment perceptions among consumers (Broniarczyk, Hoyer, and McAlister 1998) . This finding implies that retailers should take caution in selecting categories for implementing SR, a point of view we share with Borle and colleagues (2005) .
We find that attributing differences in market share to the effect of SKU change may be misleading because there can be confounding changes in other marketing-mix variables. For example, in the liquid detergent category, a simple comparison of market share before and after the SR suggests that the SR decreased the choice for Tide and increased the choice for the private label brand; however, our analysis indicates that the opposite occurred. Our results also indicate that eliminated SKUs' share of brand sales does not predict changes in a brand's choice probability and purchase quantity after the SR. Retailers have mainly focused on sales measures in efficient assortment decisions. However, our findings imply that they should instead focus attention on other factors that may play a more important role in contributing to the differences in SR effects among brands, such as those we identified herein.
For manufacturers of large-share brands or premium brands, our results suggest that even if an SR program decreases the overall category sales in a store, they need not worry as much as manufacturers of small-share brands or lower-priced brands. In addition, it would help a brand gain market share if the brand were made more prominent in consumers' minds, such as by increasing its promotion frequency. Moreover, our results imply that though a manufacturer may not have control over retailers' SR initiatives, it can mitigate the potential negative consequence on its brands. For example, if a manufacturer must eliminate a certain number of SKUs, it should negotiate with the retailer to minimize reduction in the number of sizes of its brands.
Our study also offers valuable implications for retailers. The finding that consumers with high state dependence and purchase frequency reacted favorably to the SR is encouraging news to retailers that are faced with the dilemma of whether to implement "efficient assortment" policies. The finding that large-share brands tend to gain shares after an SR is also good news for retailers from the perspective of trade relations. In addition, because the number of sizes eliminated, the number of SKUs eliminated, and the change in the share of SKUs all play a role in how a brand's choice probability is affected by an assortment reduction, a retailer should use discretion in determining which SKUs to eliminate. The results from our first-stage analysis suggest that private label brands are likely to suffer more unfavorable consequences of SR than national brands. This cautions the retailer to minimize the negative effects of SR on its private label brands; a retailer can take some preventive measures, such as maintaining the number of private label SKUs (and thus increasing its share of SKUs in the category) and increasing the promotion frequency of the private label brands. If a reduction of private label SKUs is inevitable, the retailer should try to minimize the reduction in the number of sizes offered.
Our analysis is based on data provided by an online retailer. As we mentioned previously, the online store environment provides a unique opportunity to study the impact of assortment changes without confounding it with the effects of product display, shelf space allocation, or location on the shelf. Nonetheless, we expect the effects to be somewhat different in online and bricks-and-mortar stores because of differences in consumer purchase behavior between the two channels. Previous research has shown that online consumers are more convenience conscious, more state dependent, and less promotion sensitive than their offline counterparts (e.g., Degeratu, Rangaswamy, and Wu 2000; Zhang and Wedel 2007) . Combining this with the findings from the current study, we expect that, all else being equal, the SR effects on purchase incidence, quantity given a purchase occasion, and total sales and revenue will be more negative in bricks-and-mortar stores than the results of this study suggest. In addition, we expect that there will be stronger brand-switching effects (i.e., those in Model 4) among bricks-and-mortar consumers than among online consumers.
This research attempts to direct academic focus on brandlevel effects of SR. Many worthwhile topics remain to be explored in this area. In terms of methodology, a limitation of our model is that it does not incorporate serial correlation across observations for the same household. Our model accounts for state dependence, consumer heterogeneity, and interdependence in the three purchase components, which helps mitigate the impact of serial correlation. Nonetheless, further research could extend our model by incorporating serial correlation. The model could also be constructed at the SKU level and then aggregated to the brand level. It would be worthwhile to compare the results from SKUlevel models with our results from brand-level models. In terms of substantive topics, an important issue for further research would be to incorporate product attributes/features in the assessment of the impact of assortment changes. Another important issue would be to conduct direct profitability analyses of SR programs, which would require cost-saving information from both retailers and manufacturers. In addition, issues such as the nature of product category on brand-level effects of SR and the impact of a brand's SR in one category on the same brand sales in another category, among many other topics, could be examined. Finally, the finding that brands with larger market shares and higher prices tend to gain shares from those with smaller market shares and lower prices, such as private labels, has important implications for both manufacturers and retailers. This study is the first to demonstrate such a pattern. Although these effects are consistent with our conjecture, we believe that more empirical studies are needed to test their generalizability. This would be another worthy direction for further research. 10
